Introduction
Structural change refers to the variations in the patterns of industrial output, consumption and trade ows inside an economic system. In the short run, this change is mainly determined by income and relative prices, but in the medium and long run other forces shape the economic structure in a more persistent way. Technological progress, modications of production processes, shifts in aggregate consumption, possibly driven by demographic evolution, all contribute to long lasting structural change.
Understanding structural change, and its determinants, is clearly an interesting and relevant scientic topic in itself, with direct policy implications. It is also practically important when applied, multi-sector general equilibrium models are used for the assessment of policies and eects having impacts in the long run, like in the case of climate change. Indeed, whereas these models are usually characterized by a detailed account of the economic structure, which is often essential when dealing with impacts aecting specic sectors, they are also normally calibrated on the basis of some past data (e.g., input-output or SAM tables), meaning that they mirror an economic structure quite dierent from the one we could possibly observe in the distant future.
Some of the factors aecting the long run structural change are clearly unpredictable. Most of the technological breakthroughs of the past, aecting various industries, appear to have occurred in a seemingly random fashion. Harberger (1998) points out that the whole dynamics of economic progress actually resembles the growth process of mushrooms, rather than the steady rise of yeast (as neoclassical models of economic growth posit).
Some other factors, however, are quite predictable, in the sense that some of the forces which will aect the economic structure tomorrow are already active and observable today. Technology adoption and diusion is under way.
Catching up by fast growing developing economies is occurring. Demographic transitions are taking place, as well as mass migrations.
Broadly speaking, there are two classes of eects at work. There are supply side eects, aecting industrial productivity, either directly or indirectly, and there are demand side eects, involving variations in the structure of nal demand. In this paper, we focus on the issue of modeling and numerical estimating changes in the pattern of aggregate household consumption, driven by varying (growing) levels of per capita income. Therefore, income levels are taken here as given, although in a full-edged numerical model they could be determined endogenously, or obtained from an hypothetical scenario.
Modeling a time-varying and income-dependent structure of household consumption implies introducing a suciently sophisticated demand system, capa- 2 Long-run changes in consumption patterns Several demand systems, utility and expenditure functions, all with dierentiated income elasticity, have been proposed. Desirable properties for their utilization in applied economic models are: (1) relative simplicity and analytical tractability; (2) generation of well behaved demand curves; (3) easiness of parameters' estimation. Of course, the choice should also depend on the characteristics of the underlying model and on its purpose, for instance: the model could focus either on relatively small variations in income or expenditure levels (e.g., a single country CGE for short run policy assessment), or on more substantial variations (long run scenarios or intercountry comparison); the model could primarily focus on changes in income, rather than changes in relative prices.
Assessing long run changes in the structure of consumption demand means considering signicant changes in income, with variations in relative prices entering only as a second order eect. Therefore, the selection of a demand system should be restricted to functional forms that, at higher income levels but constant relative prices, simulate structural changes consistent with historical stylized facts.
One interesting option is the Hierarchical Demand System (Matsuyama, 2002; Buera et al., 2013) . The idea behind the HDS is deceptively simple: goods and services are ranked from lowest to highest priority in terms of needs.
All consumers spend their income in a sequential way, starting from basic needs and stepping up to the the highest level they can aord with their income.
Once a need is satised, the corresponding good or service provides no more marginal utility. This is broadly consistent with the observation that goods could be initially regarded as a luxury (e.g., air conditioning), and when they can be obtained they become a necessity. When associated with a given income distribution, HDS can produce some interesting dynamics, with goods / industries taking o at various stages of economic development, possibly generating hump shaped trajectories as well.
Generally, HDS works well for theoretical models (possibly to be validated econometrically), but its implementation in applied macro-economic models like the CGEs would require information about the distribution of income and how it could evolve over time. This may be quite problematic, especially when a large set of countries are considered, including data-poor developing countries. Gohin (2005) illustrates how to implement any regular conguration of price and income eects through latent separability. Latent separability can be seen within an intermediate production process, where goods are rst used to produce commodities, which are the true arguments of the utility function and not the goods. Even if each intermediate utility function is homothetic, there is a wide spectrum of possible income and substitution eects for purchased goods generated from the combination of dierent groups to which each good belongs. The problem with this method here is that is assumes knowledge of income and substitution elasticities from the outset. Indeed, this information is used to infer a consistent latent separability structure, which is not observable.
A number of authors have recently work with some variants of CES functions, with industry-specic but time-constant income elasticities. In Fieler (2011) a single parameter plays the double role of substitution and income elasticity. Caron and Markusen (2014) set relative income elasticities equal to relative substitution elasticities, whereas Comin et al. (2015) use separate and independent parameters for the two good-specic elasticities.
In all cases, income elasticities are constant. This implies that the demand pattern does not stabilize over time and, actually, the good with the highest income elasticity would asymptotically cover 100% of the budget. Clearly, this is not an appealing property for a realistic assessment of long run changes in demand patterns.
A demand system for structural change simulation should be suciently exible or, technically speaking, full rank. Rank one demands, the most restrictive demand systems, are independent of income; rank two demand systems are less restrictive, allowing linear Engel curves not necessarily through the origin; while rank three (i.e., full rank) demand systems are least restrictive, allowing for non-linear Engel responses (Craneld et al., 2003) .
Among the many full-rank demand systems which have been proposed, AIDADS (An Implicitly, Directly Additive Demand System; Rimmer and Powell 1992) appears to be especially suited for implementation in multi-sector, applied general equilibrium models. Indeed, it was introduced by CGE modelers and it has already been applied in a number of CGE models (Yu et al., 2000 (Yu et al., , 2004 Golub and Hertel, 2008) .
The AIDADS can be seen as a generalization of the Linear Expenditure System (LES). The demand for good i is expressed as:
where y is total income or expenditure, γ i is a parameter and φ i (which in a LES would itself be a xed parameter) is given by:
with α i , β i parameters and u being the implicitly dened, cardinal utility function. To understand how AIDADS behaves, notice that:
Expenditure shares therefore stabilize at the level φ i in the long run, although at dierent speeds. It is not possible to get a closed form solution for the utility level u, which must then be estimated numerically, alongside the parameters α i , β i and γ i . A number of constraints must also be taken into account, to ensure regularity conditions for the system (Powell et al., 2002) . Craneld (1999) shows how to use maximum likelihood methods to this purpose, employing also bootstrapping techniques to get parameters statistics (e.g., condence intervals) and maximum entropy for multiple demands, disaggregated in terms of per-capita income. Ratios between real and nominal consumption readily give a set of country and sector specic price indexes. For the estimation of AIDADS parameters, we closely follow Craneld (1999) , by formulating the equations in terms of budget shares, and adding a stochastic error term:
where w ir is the observed household budget for the item i in country r; y r stands for total per capita expenditure (income) in country r; p ir is the price index for the item i in country r; ir is a normal multivariate error term, distributed independently across observation, with zero mean and nite covariance matrix, where the sum over all items in each country is zero. All remaining symbols, including the cardinal utility u r , are parameters to be estimated.
The following restrictions apply: Figure 1 : Expenditure shares by income levels
The estimation is performed using a non-linear maximum likelihood procedure 1 , and gives the results shown in Table 1 . 1 Technical details about the specic algorithm and software are available on request. To interpret the meaning of the estimated parameters, consider that gamma (γ) expresses the xed and unavoidable consumption, therefore the higher the value for this parameter, the more essential a certain good or service is seen, in terms of basic needs. On the other hand, beta (β) is the asymptotic budget share, for income levels going to innity. The higher this share is, the more important a consumption item becomes, as we get very rich.
To make the AIDADS system functional for a numerical simulation model, an additional step is necessary. Indeed, the procedure illustrated above allows to estimate country specic values for the cardinal utility u, but that variable is not available in the destination model, so a link must be established between utility and income levels. To this end, observe the plot contrasting income (vertical axis, logarithmic scale) with cardinal utility levels in Figure 2 .
The Figure suggests that the relationship is semi-logarithmic. Indeed, after trying several specications of the functional form, the best regression results have been obtained with the following heteroskedasticity corrected OLS formulation, where u r is regressed against ln(y r ):
Model 1: Heteroskedasticity-corrected, using observations 1-177 Dependent variable: u coefficient std.error t-ratio p- value  -------------------------------------------------------- When the estimated coecients of the regression are plugged into the AIDADS demand (2), the latter becomes a function of income and prices only, as one would expect from a regular demand function:
where we have added the two constants K = 0.000763284 and Z = 0.83904.
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